We describe a framework for controlling and coordinating a group of robots for cooperative manipuhtion tasks. The framework enables a decentralized approach to planning and control. It allows the robots approach the object, organize themselves into a formation that will trap the object, and then transport the object to the desired destination. Our controllers and planners are derived from simple potential fields and the hierarchical composition of potential fields. We show how these potential field based controllers and planners benefit complex group interactions, specijically for manipulating and transporting objects in the plane. Theoretically, we show how we can derive results on formution stability with potential field based controllers in many cases. Simulation results demonstrate successful application to a wide range of examples without showing sensitivity to parameters. Because the framework is decentralized at both trajectory generation level and the estimation and control agent level, our framework can potentially scale to groups of tens and hundreds of robots.
Introduction
The last few years have seen active research in the field of control and coordination for multiple mobile robots, and application to tasks such as exploration El], surveillance An excellent review of contemporary work in this area is presented in [lo] .
In this paper we consider situations in which there may be no access to any global positioning system and the main sensing modality is vision. Our platform of interest is a nonholonomic car-like robot with a single physical sensor -an omnidirectional camera. Each robot is capable of autonomous operation or following one or two robots. The vision-based controllers used for autonomous operation are described in [2], while the controllers for following other robots are described in [4]. We are particularly interested in problems of cooperative manipulation, where a "rigid" formation may be necessary to transport a grasped object to a prescribed location.
Our main contribution in this paper is the completely decentralized approach to trajectory generation and controller design for coordinated distribution and manipulation. Each robot plans its own trajectory based on the sensory information of its surroundings and chooses from a finite set of control laws that describe its behav-0-7803-7272-71021617.00 0 2002 IEEE iors for interaction with the environment. Our framework allows robots to maintain or change formation while following specified trajectories, and to perform cooperative manipulation tasks in a scalable and modular fashion.
The rest of this paper is organized as follows. First we give a broad overview of our previous work in Section 2. In Section 3, we describe our approach for decentralized cooperative manipulation, and the three key components of this framework -trajectory generation, coordinated distribution and transportation. Section 4 analyzes stability measures for multi-robot formations and derives sufficient conditions for the construction of potential fields that has global minimum at specified configurations. Section 5 illustrates simulation results for different applications of our framework. Finally, some concluding remarks and directions for future work are provided in Section 6.
Background
In this section, we summarize the previous work done by collaborators on experimental platform, control laws and the software architecture for multi-robot coordinations. This section motivates this paper and puts the current work in context of our previous work [2,5, 141
Our robots are based on the commercially available Tamiya ClodbusterTM (CB) platform, a radio controlled 1/10 scale model truck. Each CB is equipped with an omnidirectional camera as its sole sensor. Using the controllers discussed in [14] , the robots can maintain a prescribed rigid formation. This allows the robots to "trap" objects in their midst and to flow the formation thus guaranteeing that the object is transported (dragged) to the desired position and orientation. In Figure 1 , the initial team configuration is centered around the box, with the goal to flow the now encumbered formation along a trajectory generated by the leader. By choosing a constraining formation geometry, the box is kept in contact with all three robots during the formation flow. Several snapshots from a sample run are shown in Figure 1 .
The overall framework for control and planning is described in Figure 2 . The controllers are nonholonomic formation controllers that allow robots to regulate the shape of the formation. The desired trajectory and shape are provided by a superior level of the control hierarchy, the trajectory generator [5].
In this paper, we address the trajectory generation problem for cooperative manipulation tasks. The trajectory generator can be completely decentralized so that each robot generates its own reference trajectory based on the information available to it, through its sensors and through the communication network. Alternatively, the robots can designate or elect a leader that plans the trajectory for the group, while the other group members are responsible for organizing themselves and for following the leader. In the next section, we will advocate the decentralized strategy for the trajectory generator of cooperative manipulation tasks. Figure 2: The two-level hierarchy for planning and control. The planned trajectory is described in terms of desired positions relative to neighbors and obstacles in the environment, and translated to a target shape. Geometric constraints, sensor constraints, and information from other robots determine the choice of controller.
Decentralized manipulation
We consider the problem of guiding a group of autonomous robots through an obstacle field to surround a target and eventually transport the target to a desired destination. Figure 3 shows an illustrative example in which 16 robots try to reach a circular object and transport it to a new destination.
3.
Figure 3: Decentralized controllers are used to get nonholonomic robots to surround a target. Each robot uses one of the three different controllers (modes) depending on information about the neighbor's state.
Robot models We adopt the simple abstraction for the robot and its omnidirectional sensor shown in Figure 4 . The outer most circle delineates the sensing zone, the region within which a robot can detect obstacles and other robots. The contact zone is the region that is precomputed based on the robot's maximum velocity and its ability to brake. It is the set of points in R2 that the body of the robot can reach if the robot is traveling at its maximum allowable velocity and is commanded to brake to a stand-still. Obstacles or other robots entering the inner contact zone generate forces that influence the robot's planned trajectory and thus its dynamic behavior. The size of the protected zone is slightly larger than the dimension of the robot. We model the robot as a rigid core with the shape of the protected .zone, and a visco-elastic outer shell that replaces the confact zone. In the first approach mode, the robots swarm to the object by following an attractive potential field centered at object location. After reaching the object, each robot (independently) enters into an organizafion mode where it moves away from its neighbors while staying near the object. This is done by stacking a repulsive potentials onto the existing approach potential to redistribute the robots. The repulsive potential is designed to organize the robots into the desired formation trapping the object in the process. A more formal definition of trapping based on the concept of caging [ll, 151 can be found in [HI. Each robot autonomously transitions into the final transportation mode after it senses a quorum. In this phase, an added transportation potential similar to the one used in the approach phase but with a much lower intensity and centered at the destination location attracts the robots and the object to the goal position.
A variety of effective attraction and repulsion poten- = llri -rjll is the Euclidean distance between robots i and j. In each control mode, the gradient of the corresponding potential fields and an appropriately designed dissipative function provide the driving force to the robots and the trajectory is calculated by simulating the dynamics of the system. where 4 and cr are threshold constants. TS is the radius of the sensing zone as depicted in Figure 4 . ni is the number of robots inside the sensing zone of robot i. T d i is the distance between the object and robot i. The quorum is limited by the perimeter, p, of the object.
Virtual collisions We use rigid body contact dynamics models to allow virtual collisions between the robot and its surroundings instead of avoiding them. We adopt a state-variable based compliant contact model to compute the interaction forces between two contacting objects. The details and variations on the compliant contact model are discussed in [12] . A key feature of this model is that it allows to resolve the ambiguous situations when more than three objects came into contact with one robot.
When objects (including other robots) from the environment enter the sensing zone, their relative position and velocity are estimated by the robot. When they enter the contact zone, the robot simulates contacts between the objects and its visco-elastic shell using a compliant contact model [12] to compute normal and tangential forces exerted on the robot:
where 5 is the robot's estimate of the state of the world.
The robot simulates its response to the external forces to generate its reference trajectory.
Example We illustrate our approach by an example in which 18 nonholonomic mobile robots are commanded to a goal position within an unknown environment. The snapshots as shown in Figure 6 indicate that the robots start from two groups and decide to split into three smaller groups when they encounter obstacles, and finally merge into one group when they are close to the object. The robots are autonomous -each robot runs its own trajectory generator to get to the goal while avoiding obstacles (including other robots). The control commands, (vi, w i ) , are exactly the commands generated by the trajectory generator. As seen in the figure, the robots are able to navigate and reach the goal position. In the process however, the outer visco-elastic shell of each robot encounters contacts with other robot shells, and with the hard boundaries of the obstacle. The contact model allows the robots to bounce back and head toward its destination.
Discussion Note that the computation of the trajectory for each vehicle is based on information that is available to it through its sensors or through the communication network. The relevant information is the relative state information of other robots and obstacles in the contact zone. Collisions can occur only if this information is not available, either because of faulty sensors or failed communication channels. Each robot runs a simulator of the world and the same algorithm for computing trajectories. Thus, penetration of two contact zones, for example, will result in both robots being bounced away from each other with equal and opposite contact forces. Obstacles do not have visco-elastic shells. However, obstacles are stationary. Thus the contact zone must be sized and the properties of the visco-elastic shell must be carefully selected. Even if there is a head-on confrontation with an obstacle, it should be possible to completely dissipate the energy of the robot and allow it come to a complete stand-still without causing it's protected zone to touch the obstacle.
The discussion thus far has not addressed proofs of convergence or stability. 
Stability analysis
Our goal in this section is to analyze the stability of formations generated by using the potential field based control modes. We will restrict the discussion in this section to an obstacle free environment. Further, we will not consider the transportation mode. If the robots can successfully organize themselves, it is assumed that the transportation phase can be successfully executed.
We consider the problem of organizing a group of n robots around a goal positioned at ro as depicted in Figure 7 . The robots are considered as particles. We develop the organization scheme by superimposing mutual repulsion behaviors upon individual robot or robot groups. The total energy of the system is a composition of the kinetic energy, the approaching potentials and the repulsive potentials. (1) and (2), the condition for equilibrium can be expressed as vqv = 0. We can solve the above equations for k for a given set of ~i~ and 8i0. In other words, we can construct the potential fields to make certain configuration of interest the equilibrium. We can also study the stability of the equilibrium by looking at the positive definiteness of Hessian matrix at such a configuration. The two-and the three-robot problems result in the stable equilibria shown in Figure 8 . The three-robot case can have two different solutions depending on the choice of constants k, and k i j . Given the choice of constants, the equilibrium is unique and globally stable. This is not shown here because of space limitations. However, the four-robot problem is analyzed next in greater detail.
n = 4
To illustrate we consider a 4-robot (n = 4) formation with three configurations as shown in Figure 9 . The eigenvalues of Hessian matrix the for the line shape configuration at the force equilibrium is give by
I
For the Hessian to be positive semi-definite, all of the eigenvalues have to be nonnegative or equivalently, all of the principal minors of the Hessian need to greater than or equal to zero. We can show that Equation (8) plus the following constraint provide a sufficient condition for the straight line shape to be a stable configuration Based on the same token in Case 1, we can show that if we construct the potential fields based on the following conditions, the star shape configuration is stable. Note that this shape is particularly useful for the cooperative manipulation tasks. Because at end of the organization phase, the object is expected to be surrounded by robots. This will, in general, rule out the line shape and the star shape. For this configuration, a sufficient condition of stability can be obtained as the following: (111 where ~1 , 2 , 3 are constants depending on the number o the robots and the size of the object. Figure 12 shows an design example of kij used in our simulations. 
Simulation results
Organization of the robots We first study the approach and organization modes. In each case, we look at the robots' ability to approach the object and organize themselves into an appropriate formation that can trap (or cage) the object. mode. The main purpose for this test is to examine the stability of the formations. In this experiment, 10 robots from randomly assigned initial positions approach rectangular objects with different aspect ratios and organize themselves into a formation around the object. The simulation results are shown in Figure 11 with 6 different aspect ratios of the object ranging from 117 to 612. A unified switching strategy described in Section 3 is used for all the simulations. Since we assume our robots are identical. The number of robots within the sensing zone of an individual robot will increase as the total number of the robot increases. Also, all mobile robots have velocity bounds, motion for the robot could be specified beyond its performance capabilities if we do not consider such limits when construction the potential fields. To leverage the total potential forces acting on an individual robot, we Manipulation We simulate all of the three control modes shown in Figure 5 for n = 1,. . . , 11. A previously developed package [ 131 is used to simulate the dynamics of multiple contact interactions between the object and the robots during a manipulation task. Sample trials are shown in Figure 13 . In all of the simulations, the ratio between the intensities of the attractive potential fields for the approach and transportation modes are set to 10.
Performance Based on this framework, an individual robot may have a tendency to fail in any of the three modes. For example, it could get stuck by the obstacles in the approach mode or the transportation mode, or get repelled by other robots in the organization mode. However, the reliability of the system (successful manipulation) improves with the number of robots. This described in Figure 14 I ' " " ' " ' " : ' I Figure 13 : Sample trials by using decentralized controllers to get autonomous robots to surround an object and push the object to a desired destination 6 Discussion In this work we described a completely decentralized framework for the development of intelligent multirobot manipulation tasks. We assume that each robot has approximate information about the object position, its goal position, and the number of team members, and is equipped with an omnidirectional camera. The sensor has a limited range, but the robots can see the neighbors in this range. We show that decentralized, potential-field based controllers can be used to approach the object, organize the robots into a formation that will trap the object, and then transport the object to the destination. This paper complements experimental studies conducted by Spletzer ef a [ [ 141 on 3-and 4-robot teams.
Theoretical guarantees are harder to come by. We show how we can derive results on formation stability with potential field based controllers in many cases. Simulation results demonstrate successful application to a wide range of examples without showing sensitivity to parameters. Because the framework is decentralized at both trajectory generation level and the estimation and control agent level, our framework can potentially scale to groups of tens and hundreds of robots. 
